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Abstract 
Fault Diagnosis and Conditioning monitoring (FDCA) of three phase induction motor is substantial as the induction machines 
play a pivotal role in industries & hence their safe operations are desired. FDCA of an induction motor (IM) can increase its 
operational life and efficiency. In this paper, FDCA of induction motors is done on the basis of available dataset. Induction 
motors external faults are online controlled by LVQ i.e. vector quantization by learning & then the comparison is done with MLP 
neural network, which states that the fault identification by LVQ is better & less time consuming than MLP. For the diagnosis of 
external faults & normal condition in induction motor’s RMS voltages and RMS currents have been used as input variables for 
the proposed algorithm. In this paper, LVQ model is used to investigate seven states of IM under different operating conditions 
with the help of 160 testing samples. 
© 2016 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Organizing Committee of ICACC 2016. 
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1. Introduction 
Different types of electric motors are used for the different applications like manufacturing, home appliances and 
many more in past decades. In all such electric motors e.g. universal motors, DC motors, induction motors, 
synchronous motors etc., IMs are most widely used because of their property of self start i.e. they do not require any 
external force for running. Induction motors have several basic characteristics like robustness, low maintenance, 
high efficiency, reliability, high starting torque etc which makes IM a desirable tool for applications1,2. 
In home appliances as well as in industries, 90% motors used are single phase & three phase induction motors 
e.g. In fans, a single phase IM is used & in water pumps generally a three phase IM is used3. IMs are also known as 
work horses. Since induction motors are very useful but as they are also machines so they can suffer from 
breakdowns. These breakdowns may cause a lot of losses like resources loss, schedule delays etc which are 
unacceptable according to the view of industries & home applications. So, in order to prevent induction motors from 
the losses many condition monitoring techniques have been used1,2,3,4,7,8. 
In recent times, many conventional & microcontroller based faults identification systems have been utilized for 
fault diagnosis and identification. In these systems, AI based models are extremely successful, while conventional 
methods have less accuracy & higher cost so these methods were moderately succeed in fault identification. After 
many research, it is concluded that AI techniques are better than conventional methods3,7,8. 
There are many types of faults experienced by IMs which can be classified in two parts: Mechanical Faults, 
Electrical faults4. Electric faults can also be further classified into two types i.e. internal faults & external faults. 
Internal faults are of two types stator & rotor faults, while the external faults are of six types i.e. single phasing (SP), 
under voltage (UV), over voltage (OV), unbalanced voltage (UB), overload (OL) &locked rotor (LR) fault3. In this 
paper, we have discussed only about external faults experienced by IM. Initially some AI model based on MLP 
neural network & SVM (support vector machine) have been applied for fault identification but these methods have 
many drawbacks. 
MLP & SVM has following drawbacks: In MLP method, determination of local minima is required & the neural 
network’s structure should be optimal but both these processes are time consuming. Also, MLP may suffer from 
over fitting5. In SVM method, the selection of optimal parameters values is required. Also the parameters 
calculation of a solved problem is difficult. Our aim is to implement LVQ technique for IM fault diagnosis. 
In this paper following section have been discussed: Section 1: Main Text, Section 2: Material & Methodology, 
Section 3: Fault identification of IM using LVQ, Section 4: Results & Discussion and Section 5 : Conclusions. 
 
Nomenclature 
LVQ       Learning Vector Quantization                Kohonen layer        Hidden layer    
σ   learning rate    SVM                       Support Vector Machine 
MAPE    maximum absolute percentage error   
2. Material and Methodology 
2.1. Datasets Used 
A dataset of 788 samples is used for implementation of LVQ based diagnostic model. This datasets has been 
taken from publicly available datasets of [3]. This datasets includes some samples of normal case of IM which has 
no faults. The dataset is recorded from 1/3 HP squirrel cage induction motors (SCIM). This data set includes mainly 
six faults e.g., single phasing (SP), under voltage (UV), over voltage (OV), unbalanced voltage (UB), overload (OL) 
& locked rotor (LR) fault. Many authors have applied MLP and other artificial intelligence techniques for fault 
diagnosis of induction motors. In this paper, a LVQ based model is developed which has higher accuracy than MLP 
neural network (MLPNN).  
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2.2. Learning Vector Quantization 
There are many ANN techniques which are based on Back Propagation (BP) &can be used for distribution & 
training of given dataset. But, these techniques have several disadvantages like, slow convergence of dataset, 
hampering the adaptive capability &determination of the hidden layers & no. of neurons. So, to overcome these 
drawbacks, the modelling of LVQ becomes very important. 
 
Fig. 1. Architecture of Learning Vector Quantization neural network 
This structure has used the supervised learning based algorithm for the training & testing of Kohonen Layer8. 
LVQ structure consists input layer, hidden layer & output layer. Input layer each neuron is connected to each and 
every neurons of hidden through a weight while output neurons are connected to a particular group of hidden layer 
neurons.LVQ network’s structure used in this research is given in Fig. 1.  
The steps followed by LVQ network’s learning algorithm is as follow: 
Step1: First, prepare the training data. Let the input layers neurons are X & input vector represented as: 
   1, 2, 3B = a a a .........          (1) 
Step2:Let assume that vector representation of weights by which connection are made is P . 1P is the vector of 
weight in between input and hidden layer andP2is vector of weights between hidden and output layer.  
     1 1 1 1 1 1 1 11 2 1 2P   p ,  p ........p p   p ,  p .............. pn i i i iH      (2) 
Where      1,2,  3......,  i n  and  
   2 2 2 2 2 2 2 21 2 1 2P =   p , p ...........p p =  p , p ............... pm j i i iH     (3) 
Where   1,2,3......,  j m  
Step3: Output neurons are connected to each hidden layer neuron and weights of connection corresponding vector 
are one, while the weights which are not connected is zero. 2P  is fixed during training mode. ^2 10 k jjm k jP        (4)  
and training mode is: 
^ ` ^ ` ^ ` ^ `1 1 2 2 3 3 D Dx , y  ,  x , y ,  x , y ,.........,  x , y     (5) 
and  dy d 1,2,3,  ...... D   is object output vector. 
Step4: The outputs of hidden layer & output vector are calculated by Eq. (6) & Eq. (7): 
1   S P B         (6) 
2  SV P S         (7) 
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Step5: 1 P is calculated: 
For all input vector, LVQ network have been classified. Eq. (8) is used for correction of weights of connections, if 
classification is correct.  
        * 1 * 1 * 11     1  –  p p pj y j y q y j yV        (8) 
but the weight will be corrected by Eq. (9), if classification is wrong. 
        * 1 * 1 * 11     1  –  p p pj y j y q y j yV        (9) 
where  0,1V   , *j p = connected weights values of j*th neurons at y time. 
Steps 1-5 are repeated, till the satisfactory classification is achieved. 
Step6: After the training of data by learning, LVQ model is used for testing of new unknown data. 
3. Fault Identification Using LVQ 
3.1. Data for training and testing of model 
The dataset of 788 samples is divided into two parts. The first part of dataset has 628 samples for training & 
second part of dataset has 160 samples for testing. Entire data sets is related to 7 states of induction motor & 
samples are divided for each state i.e. 154 samples for  Normal State, 85 samples for single phasing(SP), 49 samples 
for under voltage (UV), 10 samples for over voltage(OV), 450 samples for unbalanced voltage (UB), 30 samples for 
overload (OL) & 10 samples for locked rotor (LR) fault. The proposed model is using these samples for faults 
identification in SCIM. 
3.2. LVQ based fault identification model 
 The model used for the identification of External fault of induction motors is represented in Fig 1. For the 
identification of seven states namely, Normal State (NS), single phasing (SP), under voltage (UV), over voltage 
(OV), unbalanced voltage (UB), overload (OL) & locked rotor (LR) fault4. LVQ model will proceed in 6 steps 
which are discussed in section 2.2. 
 LVQ model used for fault identification have used 6 inputs i.e. 3-phase RMS voltage & 3-phase RMS currents. 
The LVQ model has been designed for 788 samples generated for IM fault conditions. From the 788 samples, 628 
samples are used for training of LVQ model while 160 samples are used for testing of model. The LVQ model is a 
three layer model with inputs A1–A6 (v1, v2, v3, i1, i2 and i3) and seven outputs S1–S7 (NS, SP, UV, OV, UB, OL and 
LR). 
The graphical result of training samples (628 samples) of LVQ model using MATLAB6 is represented in Fig.  
2(a) to Fig. 2(i) & graphical result of testing samples (160 samples) is shown in Fig. 3(a) to Fig. 3(b). 
 
a 
 
b 
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Fig. 2. Training phase results of LVQ Model (a) confusion matrix for training, (b) confusion matrix for validation, (c) confusion matrix for test, 
(d) overall confusion matrix of the modal, (e) error histogram, (f) ROC plot for training, (g) ROC plot for validation, (h) ROC plot for test and (i) 
overall ROC plot of the model.  
For the performance measurement of LVQ network confusion matrix, error histogram & ROC are used. 
Performance parameters are following: 
Identification accuracy (IA):  
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correctly classified total samples
IA=
data set of total samples
     (10) 
Mean Squared Error (MSE):      
2
1
1 n
k
MSE E
n 
 ¦ , d aE   Y –  Y      (11)  
Where n =total no of cases in data set, dY = desired output and aY = actual output by training of LVQ model. 
a 
 
b 
 
Fig. 3. Testing phase results of LVQ Model (a) confusion matrix and (b) ROC plot.  
 
 Identification accuracy & mean square error is calculated using Eq. 10 & Eq (11). The values of IA & MSE are 
presented in Table 1 for both training and testing phase of the model. 
        Table 1:  Accuracy measurement of LVQ  model during training and testing phase. 
Model operation MAPE Mean Square Error Root Mean Square Error Rate of success (%) 
Training Phase 0.01025 1.40365e-18 1.18475e-09 100 
Testing Phase 0.065 0.006 0.2449 99.4 
4. Results and Discussion 
The methodology used for identification of 3-phase induction motor external faults using LVQ method is shown 
in Fig. 1. A MATLAB [6] based code is designed for LVQ approach & then training was done, the efficiency of 
training phase for fault identification using LVQ was approx 100% (Table 1) & the efficiency of testing was 99.4% 
(Table 1). 
In the research paper, a BP based MLP neural network is used for comparing with the LVQ approach. MLP is 
also implemented by taking RMS voltage & RMS current as input variable & then accuracy of fault identification is 
compared with LVQ model. Table 2 is showing MLP output layer faults coding in binary form. Table 3 is showing 
the results of some testing samples (Table 3) and its diagnosis results are presented in Table 4. The LVQ model 
gives much better result than MLP. 
 
Table 2: The output layer faults in binary form of MLP model [7] 
Fault NS SP UV OV UB OL LR 
Binary code 0000001 0000010 0000100 0001000 0010000 0100000 1000000 
 
Table 3: Simulated test patterns. 
S.no. Actual fault 
condition 
v1 v2 v3 i1 i2 i3 
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1. NS 2.6498 2.6498 2.6954 0.4267 0.4281 0.4323 
2. SP 2.6389 2.59280 2.6669 0.0067 0.6451 0.6409 
3. UV 2.3824 2.3606 2.4226 0.3529 0.3529 0.3416 
4. OV 2.8853 2.8800 2.8636 0.4835 0.4995 0.4969 
5. UB 0.9182 2.8949 2.9650 0.2731 0.9540 0.5640 
6. OL 2.642 2.6051 2.6789 0.8492 0.8297 0.8431 
7 LR 2.6571 2.6134 2.6873 1.6713 1.6505 1.6687 
 
Table 4: Diagnosis results using MLP and LVQ methods. 
S.No. Actual fault condition 
Diagnosis results 
LVQ MLP 
1 NS NS NS 
2 SP SP NS 
3 UV UV UB 
4 OV OV OV 
5 UB UB UB 
6 OL OL OL 
7 LR LR LR 
 
After analyzing Table 4, it is concluded that the LVQ is better than MLP method for the external fault diagnosis 
of induction motors. As the MLP is not giving much better accuracy so, some cases are diagnosed by LVQ method 
instead of MLP. 
5. Conclusion 
In this paper, condition monitoring and identification of faults in induction motors using LVQ has been shown. 
The purposed method has 788 dataset for implementation i.e. for testing & training. The model has used 6 inputs for 
the identification of the 7 cases of induction motors. The given approach has used only 6 basic steps for external 
faults identification. From the all highlights of research it is conclude that the LVQ method is better than MLP. 
  The methodology may be used for monitoring & fault identification in 3-phase IMs protection with better 
accuracy. 
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